In this paper we use a panel of administrative data to determine the factors associated with primary care physician self-selection into different payment models in Ontario, Canada. We find that primary care physicians will self-select into payment models based on existing practice and individual characteristics. These patterns of self-selection largely follow a utility maximizing model of physician behaviour; physicians with more complex patient populations are less likely to switch into capitation-based payment models where higher levels of effort are not financially rewarded. These findings have implications for future work that considers the impact of payment incentives on provider behaviour, and for governments introducing multiple payment models in a single healthcare sector.
Introduction
In this paper we attempt to determine the factors that lead physicians to self-select into different types of remuneration models. The results of this analysis have both practical policy and empirical implications. With respect to the former, the results of this study may enhance our understanding of the impacts of payment reform for healthcare providers, and the implications payment reforms have for physician self-selection when governments introduce multiple payment models into a single market. With respect to the latter, understanding the factors that lead physicians to select into different payment models will also help us better understand how they will react to these payment incentives once they are under their influence. This has implications for the estimation of the impact of payment incentives more generally, as we can more accurately account for self-selection in these estimation procedures.
This research builds off of existing work that has considered the supply decisions of physicians (Brown & Lapan, 1979; Ellis & McGuire, 1986; Thornton, 2013; Thornton & Eakin, 1997) . These studies have measured the quantity of services physician choose to provide (Thornton, 2013) , or how they may locate their practice in one area as opposed to others (Newhouse, Williams, Bennett, & Schwartz, 1982) ; and, to some extent, how physicians decide which types of patients they will roster to their practice (Kralj & Kantarevic, 2013; Sibley & Glazier, 2012) . Of course, all of these decisions are in some way affected by the payment physicians receive; we know that payment is, at least in part, related to the quantity of services provided, the place in which a physician chooses to locate their practice, and the types of patients they choose to care for. So, what happens when physicians have multiple payment options to select from in a single market? How does this choice bias our observations about supply decisions?
In this study we take a first step toward answering this question by first determining the factors that lead primary care physicians (PCPs) to self-select into different payment models in Ontario, Canada. Payment reform for PCPs in Ontario presents an interesting natural experiment for studying the relationship between payment and physician behaviour. The province of Ontario has undertaken a number of reforms to the way PCPs are compensated, adding mixed payment models to traditional fee-for-service (FFS), which has been the traditional form of remuneration for physicians in Canada.
Policy Context
Canadian healthcare is made up of 13 provincial and territorial healthcare systems, with each province acting as a single payer for publicly insured healthcare services. Physician services are publicly funded, but privately delivered; and traditionally, all physicians in Canada were paid FFS.
Many PCPs in Ontario remain in FFS, where fees are set through negotiations between the Ontario
Ministry of Health and Long-Term Care (MOHLTC) and the Ontario Medical Association (OMA).
The fees and associated service codes are listed in the Ontario Physician Schedule of Benefits, which PCPs use to bill for each service they provide. PCPs practicing under FFS are not required through contract with the province, nor do they have financial incentives to practice in groups or hire multidisciplinary providers.
In the early 2000s, the Ontario government began to introduce a number of alternatives to FFS in an attempt to encourage uptake of primary care by medical students, control costs, and provide incentives to improve access to care. As we will demonstrate in our analysis below, most PCPs in Ontario currently receive an alternative payment to pure FFS, generally enhanced feefor-service (EFF) or capitation (CAP). Ontario has two EFF models that were implemented in 2003/04: Family Health Groups and the Comprehensive Care Model. The former requires PCPs practice in groups of three or more, while the latter is a solo-physician practice model. PCPs under EFF receive a majority of their revenue through standard FFS payments; however, they also receive a 10% premium for 13 fee codes provided to patients they formally roster to their practice and a small capitation payment. Formal rostering requires patients sign an enrolment form that designates a PCP as their primary source of care. In all cases, rostering is entirely voluntary, though PCPs will receive different payments and financial incentives for rostered patients than they will for non-rostered patients.
Over the past decade, capitation (CAP) models have received considerable uptake from PCPs and patients (Glazier, Zagorski, & Rayner, 2012) . In 2001, the Ontario government introduced the Family Health Network model, and in 2005 the Family Health Organization model. PCPs operating under one of these CAP models receive a majority of their payment through an age and sex adjusted payment for each patient they formally roster regardless of service quantity. In 2004, the Ontario government also introduced the Family Health Teams, which are not a payment model, but a practice model that includes interdisciplinary providers (e.g., nurses, dietitians, pharmacists, etc.). The vast majority (∼92%) of PCPs in Family Health Teams also receive capitation payment (Glazier, Zagorski, & Rayner, 2012) .
There has been some recent empirical work on the impact of primary care payment reform in and outside of the Canadian context. For instance, compared patient and practice characteristics across payment models in Ontario. The authors used cross-sectional data to find that PCPs in CAP models serve patient populations with higher income, and lower morbidity and co-morbidity levels. However, the chosen study design did not allow the authors to control for physician self-selection, making it impossible to attribute these differences to payment incentives.
It is possible that differences across models are fully attributable to the self-selection of particular physicians into these models. Devlin and Sarma (2008) and Sarma et al. (2010) conducted studies in the Canadian context using data from a cross-sectional national survey of physicians to determine the impact of remuneration on physician output. They utilized an instrumental variable approach to control for physician self-selection into different payment models. The authors found PCPs with characteristics associated with productivity and PCPs who expressed desire to engage in non-clinical activities were more likely to choose alternatives to FFS. Kantarevic and Kralj (2011) considered changes in physician productivity as they switched from traditional FFS to EFF in Ontario, Canada. Within the study, the authors setup a model for the physician's decision to switch to EFF and used a two-part empirical model to control for physician self-selection. However, modeling self-selection was not their primary objective in this paper and, therefore, it is no surprising that they did not report the factors that contributed to this selection process. In a subsequent paper, Kralj and Kantarevic (2013) analyzed differences in quality and quantity outcomes in EFF versus capitation-based practices in Ontario, Canada. Age, sex, expected earnings, and quantities of services delivered were significantly associated with joining a capitation-based model in Ontario.
We expect to build on this existing literature by considering a broader range of factors that may have contributed to PCP self-selection behaviour. We also track this behaviour over a longer period of time, ranging from when all PCPs in Ontario were in FFS practices, to the present day where the vast majority of PCPs are in an alternative payment model.
Theoretical Framework & Empirical Model
We follow the basic theoretical tenets established in the existing literature on physician behaviour (Ellis, 1998; Evans, 1974; Gaynor & Pauly, 1990; Thornton, 2013; Thornton & Eakin, 1997) and largely builds off similar work conducted in the Ontario primary care context (Kantarevic et al., 2011) . We assume that PCPs are price taking utility maximizers, whose utility is a function of consumption, leisure and patient benefit.
where C denotes consumption, L denotes leisure, and H 1 and H 2 denote patient benefit in the FFS and capitation contexts respectively. As specified elsewhere in the literature, we define leisure as the PCP's time spent outside of providing healthcare services (Thornton, 2013) . It is also assumed that PCPs cannot exit the production process entirely; the physician cannot simply hire other health professionals to provide care and devote all time to leisure. Policies around the delegation of medical services in Ontario prohibit such behaviour. Patient benefit is a function of the quantity of services (Q) provided per patient, whereQ = Q 1 + Q 2 , and H 1 = V Q 1 and H 2 = RQ 2 . In order to account for patient case-mix we assume that each physician's pool of patients (V or R) contains both simple and complex patients. Thus V = V Simple + V Complex and R = R Simple + R Complex (Ellis 2008) . We assume that the marginal productivity of each individual service is lower for complex patients than for simple patients, which suggests greater quantities of service will be required to generate patient benefit (H) for complex patients. In addition, we assume the quantity of services delivered to each patient (Q) is a function of the physician's own time (M), hired medical labour (N) and capital (K) inputs.
We assume that these inputs are conditioned on whether the patient is simple or complex, as we assume complex patients require more resource intensive service.
The physician's budget constraint varies under different payment models. Under pure FFS, the PCP received a fixed fee for each individual service provided. As Gaynor and Pauly (1990) suggest, this is a function of the physician's time, hired labour (e.g., nursing time), capital, physician effort, and individual and practice characteristics that affect productivity. Under mixed capitation payment, however, the majority of the physician's revenue is a function of the number of patients enrolled to the practice, not to service quantity. Thus, efficiency and effort are not financially rewarded in capitation models in the same way it is in FFS. The PCP's budget constraint is as follows:
where P 1 Q 1 denotes income received in a FFS context (i.e., fee times the quantity of services provided), and P 2 R denotes income received in a capitation context (i.e., price times the number of rostered patients). w denotes the wage paid to hired medical staff (N), and r denotes rents paid for capital (K). The PCP also faced a time constraint:
where M 1 V represents the time the physician spends providing care to non-rostered patients and M 2 R represents time spent providing care to rostered patients. We also assume the following applies in the FFS context:
In both the FFS and the capitation context, the physician optimizes utility by choosing the number of patients she wishes to care for and the amount of inputs to put into the production process. However, in this context we are interested in the selection of patients. The first order conditions with respect to V and R are as follows:
Changes in the Capitation Context
In the capitation context a number of changes are important for the purposes of this analysis.
First, it is important to note that the capitation payment schemes in Ontario are mixed schemes, meaning that physicians receive a majority of their payment from age and sex adjusted capitation payments, and additional FFS payments for 'out-of-basket' services and incentivized services (e.g., diabetes management). Therefore, in the capitation context there is a change in FFS payments, which we represent as ∆P 1 = P 1 b < 0, where b is the proportion of services that are incentivized or 'out-of-basket'. This suggests that average FFS prices will be lower in the capitation context than in the FFS context. Second, capitation income will increase (∆P 2 >0). And third, the constraint on roster size will come into effect (∆R min >0). Using the Envelope theorem and evaluating at the optimum value of the endogenous variables we can produce the following value equation:
The left side of equation (10) is the income the physician could expect to earn if they switched to capitation. The right side represents the disutility of switching. Using equations (8) and (9), we can rewrite the right hand side of equation (10) as follows:
Equation (11) has been simplified by removing the U H terms since we assume that physicians will produce equal levels of patient benefit under FFS and capitation, at least in the short-term.
The right side of equation (11) suggests that physicians will be less likely to move into capitation models if P 1 is high, and if they are efficient at producing medical services. For instance, Barro and Beaulieu (2003) found that the introduction of performance pay for physicians in a Floridabased managed care company caused the least productive physicians to leave the company, and attracted new physicians who were on average more productive (measured in financial performance).
Furthermore, since only FFS compensates physicians for contributing their own time to produce services, physicians with more complex patient pools will less likely to move to capitation if the capitation fee (P 2 ) is not adequately risk adjusted for case-mix.
Our empirical model attempts to capture the factors that influence individual PCP decisions to switch remuneration schemes, and we must do this without being able to directly observe PCP preferences. Our model variables are listed and defined in Table 1 and described further in next section of this paper.
Data and Variable Specification
We use administrative data obtained from the Institute for Clinical Evaluative Sciences (ICES) in
Ontario, which has a comprehensive research agreement with the Ontario Ministry of Health and Long-Term Care. We analyzed a panel of 12-year cross-sections (1999/00 -2010/11) of all practicing PCPs indexed at March 31 of each year. In each year, we excluded PCPs who were not practicing "comprehensive primary care". While this applies to PCPs in all payment models, the majority of pure FFS physicians listed in our databases are either not practicing primary care regularly, or have practices that focus on other specialties (e.g., sports medicine, tropical medicine, etc.) and, are therefore, not comparable with physicians in other payment models. We excluded these physicians by using an algorithm developed at ICES, which flags physicians who worked less than 50 days annually, whose billed services comprised less than 50% 'core' primary care services (i.e., services that fit within 22 activity areas considered part of 'core' primary care), and provided services within seven or more of these activity areas. We also excluded PCPs who worked in practices that focus on emergency medicine or mental health, all physicians who did not bill at least 8 of the 18 'standard' primary care fee codes two year prior to each panel cross-section, and those physicians who were not listed as general practitioners or family physicians in our databases.
In order to obtain variables for physician practice characteristics we assigned individual patients to physicians using formal and virtual patient rostering. Formally rostered patients included all who signed an enrolment form with a PCP in an EFF or CAP model and remained rostered to that PCP on March 31 of each year. Virtual rostering was determined using an algorithm that counts the number of 'primary care' visits a patient had in the previous two years, links those services to a PCP, and assigns the patient to the PCP with the highest billing costs. It is important to note that pure FFS patients do not sign an enrolment form, and therefore, by definition are all virtually rostered.
To measure patient complexity we used Adjusted Clinical Groups (ACGs), which is a patient case-mix system developed at Johns Hopkins University. The ACG case-mix system groups patients by diagnosis into clinically consistent groups. We use the ACG system to assign patients to 32
Aggregated Diagnostic Groups (ADGs) based on clinical and expected utilization criteria; and, we use the ACG system to categorize patients using Resource Utilization Bands (RUBs), which assigns each ACG category to six levels of morbidity burden and health system utilization ranging from 0 (non-users) to 5 (very-high users). We provide the specifications for all our variables in Table 1 .
Analytical Approach
To estimate our equation we used a random effects probit model (using the xtprobit command in Stata12) on unbalanced (all PCPs in each year) and balanced (only PCPs that had an observation in each year) panels of PCP practices. A random effects model was preferred since we wanted to observe the coefficients of time invariant effects, which are removed in fixed effects models. However, to allow for our explanatory variables to be correlated with individual effects, we also use the Mundlak specification. To apply this specification we included the within-mean values for explanatory variables. The coefficients on the within-mean variables are generally not interpretable, except that they act as a Wald test (F-test) with the null hypothesis that the coefficients on the within-means equal zero; this tests the existence of unobserved heterogeneity in the individual effect (Wooldridge, 2002) . In our results section we compare the coefficients of the balanced and unbalanced panel, and the random effects with the Mundlak specification. Since the random effects probit model is calculated using quadrature, which relies on the number of integration points, we also used the quadchk command in Stata12 to test the consistency of our estimates across different integration point values (i.e., 8, 12, and 16). Since our results were robust across all integration values, we used the default number (12) integration points for the purposes of computational efficiency.
Results Table 2 provides descriptive statistics. Here we compare the results for our unbalanced (n=9,068) and balanced (n=3,775) panels. There is general consistency across these groups, which suggests they should be largely comparable, including within the distribution of PCPs in FFS, EFF and CAP models. We provide more detail with respect to this distribution and its change over time in Figures A1-A3 ). In addition, Table A1 provides descriptive statistics for PCPs who were excluded based on our inclusion/exclusion criteria. Table 3 provides the results of our estimation of the probability of being in an EFF model, and Table 4 provides the results of our estimation of the probability of being in a CAP model. We report the results of both the random effects probit and with the Mundlak specification as average marginal effects (AMEs). However, we focus on the results of the Mundlak specification, as this is our preferred model. For both the probability of being in EFF and CAP, the lagged dependent variable had a strong and significant effect. With respect to the probability of being in EFF, there was a strong negative effect of being in CAP in the previous year, suggesting PCPs did not switch out of CAP models once they were in them. With respect to the probability of being in CAP, the effect of being in EFF in the previous year was positive, which suggests PCPs switched from EFF to CAP.
In terms of PCP and practice characteristics, PCP group size did not have significant effect on model selection. However, there was a weak but significant relationship between patient roster size and selection; PCPs with larger rosters were less likely to be in EFF and more likely to be in a CAP payment model. Years since graduation had a positive marginal effect on the probability of switching to EFF and CAP. The sex of the PCP did not have a consistent effect across estimations; male PCPs were less likely to be in EFF in the unbalanced panel, and more likely to be in CAP in the balanced panel. Finally, the rurality of the PCP's practice did not have a consistent effect on the probability of being in either model; although, in the unbalanced panel, PCPs in very rural practices were less likely to be in EFF.
With respect to the age distribution of PCPs' roster, having a higher proportion of older patients had a negative effect on the likelihood of being in EFF models, and an inconsistent, but positive effect on being in CAP. It is unclear why this was the case, but may be due to the age-sex risk adjustment in CAP practices, where PCPs receive a higher income for older patients.
However, our results suggest that this age-sex risk adjustment may not have adequately accounted for patient complexity. Patient income distribution had a negative effect on switching to EFF, and a positive effect on switching to CAP in the random effects model, but not in the Mundlak specification. Previous cross-sectional studies have demonstrated that CAP practices enroll wealthier patients , however, our results suggest that this relationship does not hold in a panel context. The proportion of patients who were immigrants decreased the likelihood of switching in both models, but the effect is only consistent for switching to EFF. With respect to the morbidity distributions of patient rosters, for the most part, physicians with higher proportions of 'sicker' patients were more likely to switch to EFF, and less likely to switch to CAP models. This relationship holds in the case of utilization (measured in RUBs), and in the number of morbidities (measured in number of ADGs). Table 5 provides the negative predictive and positive predictive values for all specifications of our models. We had a very high negative predictive value and a fairly high positive predictive value of between 75 and 80%. We also conducted a RESET test for misspecification and show the results in Table 6 . We found some misspecification in some of our estimation, which may be related to omitted variables that we discuss in our conclusions. We also conducted sensitivity analyses by fluctuating the exclusion criteria for the minimum number of rostered patients by 50% in both directions (not reported here), which did not alter our findings, but increasing the threshold did improve our RESET test results. In addition, we also produced a correlation matrix (using corr command) for our independent variables to check for collinearity. Only PCP age (Age) and years since graduation (ysg) had a correlation coefficient greater than 0.7; however, removing PCP Age from the estimation did not alter p-values.
We also estimated pooled pair-wise logit models on the balanced and unbalanced panel to determine if our results were robust when considering payment model as a multinomial outcome. Table 6 provides the results for the EFF compared to FFS, and CAP compared to FFS. Table   7 provides the results for CAP compared to EFF. All results are reported in log odds and all estimations utilized the Mundlak specification. Our results generally hold up under this approach.
We show that there is evidence that PCPs are less likely to switch to CAP if they have sicker patients, but that this relationship does not exist as strongly for switching to EFF. This is particularly true when we compare the probability of being in CAP with the probability of being in EFF (excluding FFS PCPs).
Finally, for sensitivity analyses we estimated linear probability models using both random and fixed effects specifications (see Tables A2 and A3 in Appendix), and we calculated the Hausman test to determine if our random effects model is biased by unobserved heterogeneity. We found that the fixed effects approach was preferred in this context. We also found that these results largely mirrored our panel probit estimation. The results of these analyses are reported in the Appendix to this paper.
Conclusions and Policy Discussion
We analyze factors associated with PCP self-selection into different payment models in Ontario, Canada using administrative panel data. Our analysis was conducting using random effects with and without the Mundlak within-means specification to control for unobserved heterogeneity in the individual effect. We also conducted this analysis in an unbalanced and balanced panel. Several coefficient values remained robust across these different specifications, giving us confidence in their interpretation.
However, there are some important limitations. First, we have no variable for expected earnings, nor do we have a variable for service quantity. These variables would help us better proxy expected consumption under different payment models (Kantarevic et al., 2011; Kralj & Kantarevic, 2013) ;
we hope to correct this in future analyses. Second, we do not observe PCP preferences directly. We must proxy these preferences with other variables that may lead to some precision issues. Finally, there may be some limitations with how we have excluded PCPs we do not consider to be delivering 'comprehensive' primary care. We felt these exclusions were necessary to ensure we captured PCPs who would have been eligible to switch payment models; however, our criteria for exclusion may have led to some selection bias issues. Although, as we mentioned earlier, sensitivity analyses on the exclusion of PCPs with fewer than 650 patients did not alter our findings.
Generally, we found that our hypotheses largely hold under empirical testing. Our most important and convincing findings relate to our effort variables; that is, factors that affect the amount of effort required of PCPs to provide care to their patient population. We suspected that PCPs with more effort inducing patient rosters would be less inclined to switch to CAP models if the capitation payment was not adequately risk adjusted. This is because effort is a factor in the physician's production function that is financially rewarded in FFS, but not in capitation payment models (note that Ontario's CAP models are mixed remuneration schemes, so effects may be less pronounced).
Our results corroborate this prediction, as we found that PCPs with less affluent and sicker patient rosters were less likely to switch to CAP, whereas we did not see as strong a relationship for EFF models.
This finding has important empirical and policy implications. Previous work by Glazier and colleagues (2009; demonstrated that CAP models tended to have healthier and higher income patients, but due to the cross-sectional nature of those studies it was unclear whether this was due to physician self-selection or a result of the changes in practice behaviour as a result of financial incentives inherent in the payment models. Our findings suggest that a large component of the differences in patient complexity across models are a result of physician self-selection. We can use this insight in future studies to determine isolate the impact of selection and the ongoing influence of financial incentives. With respect to the policy implications of these findings, we suggest that the implementation of several voluntary physician payment reforms in a single market will encourage the sorting of physicians into models that theory would predict. Without appropriate checks on this behaviour, physicians will sort themselves into the models that will allow them to maximize their individual preferences, which may not necessarily be beneficial for the healthcare system more generally. Further work is needed to determine the full implications of this sorting behaviour. The proportion of each PCP's patient roster that is male Prop. Imm.
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